BACKGROUND: Non-adherence to essential medications represents an important public health problem. Little is known about the frequency with which patients fail to fill prescriptions when new medications are started ("primary non-adherence") or predictors of failure to fill.
INTRODUCTION
Underuse of prescription medicines constitutes a large problem for the United States healthcare system. [1] [2] [3] [4] [5] [6] Some underuse is due to under-diagnosis, some to under-treatment, but at least part may be attributed to the fact that many patients do not take medications that they have been prescribed, a phenomenon referred to as medication non-adherence. [7] [8] [9] [10] [11] [12] [13] Medication non-adherence is related to greater morbidity and mortality in chronic disease, [14] [15] [16] and has been estimated to increase healthcare costs by over $170 billion annually in the United States. 17, 18 The public health consequences of medication non-adherence have led providers and health plans to aspire to measure its frequency, assess its root causes, and develop and implement interventions to address it. Prior research has demonstrated that many patients stop taking medications soon after filling the first prescription. 19 These studies generally rely on claims data and begin tracking adherence when the patient first fills a prescription, in effect measuring "persistence" on a medication. [7] [8] [9] [10] [11] [12] [13] The rate at which patients fill new prescriptions has been defined as "primary adherence," 20, 21 and is an important phenomenon since timely initiation of medications is critical for treating both acute and chronic conditions. The study of primary medication adherence and non-adherence is limited in the United States by the difficulty and expense of tracking fill rates of initial prescriptions which until recently were almost always hand-written. Thus, prior research generally consists of small samples, 8 experiences in countries other than the United States, 21, 22 or the use of patient reports via surveys. 23, 24 Electronic prescribing (e-prescribing) creates an electronic record of the written prescription, and so its use provides an opportunity to calculate primary non-adherence, [25] [26] [27] and to examine correlates of different rates.
METHODS

Data Sources and Study Sample
We used three sources of data-e-prescribing transactions, pharmacy claims files, and provider characteristic files. Data were drawn from the eRx Collaborative in Massachusetts, which was initiated in October 2003 by Blue Cross Blue Shield of Massachusetts (BCBSMA), Tufts Health Plan (THP) and Zix Corporation (ZixCorp). Under the program, PocketScript™ software from ZixCorp was distributed to Massachusetts outpatient providers. Clinicians began enrolling during the second quarter of 2004. The program subsequently expanded to include additional insurers and e-prescribing companies; however, the data for this study were drawn exclusively from BCBSMA, THP and ZixCorp. The e-prescribing data recorded all electronic prescriptions issued, regardless of whether they were eventually filled or not. Each transaction record included information on prescribing clinician, patient, prescription date, drug name, dosage, form (pill, tablet, etc.), and insurance plan.
Pharmacy insurance claims included data on prescriptions that were filled and reimbursed (i.e. picked up by the patient), and therefore represent a subset of prescriptions written either electronically or by hand. The claims data included encoded patient ID, prescription fill date, and insurance plan. Drugs were identified by national drug code (NDC), which specifies the medication, dosage, form, package size, and manufacturer for each filled prescription. The claims data files included fields for the brand name and generic name of the medication dispensed corresponding to the NDC. The claims files included fields for patient age and gender that had been linked from insurance enrollment files.
Provider characteristics were included in the insurance companies′ provider files and included clinician specialty, gender, and age, although data were missing for a subset of providers. We calculated the practice size based on the number of providers at each practice location as identified in the eprescribing data during the study period.
The study sample included all patients who received at least one e-prescription using the PocketScript system in Massachusetts during the first year of the eRx Collaborative, from April 1 2004 through March 31 2005 . For these patients we included data on all e-prescriptions written during the study period. All identifiable individual characteristics were removed from the data before transfer to the researchers. Claims data from the insurance companies were provided for the 12-month study period and for the 6 months prior (i.e. beginning 10/1/2003). Crosswalks, using encrypted patient and clinician identifiers, were created by ZixCorp and the insurance plans so that patient and clinician records could be linked across the datasets while preserving confidentiality. The Partners IRB approved the study.
Linking Pharmacy Claims to E-Prescribing Transactions
Although prescription claims data include NDC numbers, there is no corresponding code for the e-prescriptions as written, requiring us to use drug names to match individual prescriptions. If the drug name from the e-prescriptions file matched either the brand or generic name from the claims file, then we defined the e-prescription as filled by that claim. For combination medications the naming conventions sometimes differed between the two files, so we broke the combinations down to the individual agents and checked if all the individual agents matched before defining those as filled prescriptions. In all cases, we required that the prescription fill date was on or after the date of e-prescribing.
We counted an e-prescription as filled if a corresponding paid claim appeared at any time prior to the end of our data (3/ 31/2005) . We then restricted the population of prescriptions to newly initiated medications. To do this we used the same matching strategy as described above, but this time looking for filled claims before the date of the e-prescription. We examined the claims for up to 12 months back(claims data began 10/1/ 2003, so 12 months were not always available). If no prior claims were found, we considered the e-prescription to represent a newly prescribed medication.
Analyses
The rate of primary adherence is expressed as the number of prescriptions filled divided by the total number of prescriptions written. Thus, the unit of analysis was the prescription. We compared primary adherence rates across drug classes, physician characteristics, patient characteristics, and the month in which an e-prescription was written.
We then developed generalized estimating equation(GEE) models, with an exchangeable correlation structure for the physician. Effect estimates measured the log odds ratio of a filled prescription. All measured prescriber and patient characteristics were included as covariates in the model. We also included medication therapeutic class in the model, using antimicrobials as the reference group. In preliminary analyses the month in which an e-prescription was written had no statistically significant effect, so month was dropped from the analyses. We stratified by patient age, specifying the model separately for children and adults.
RESULTS
A total of 195,930 e-prescriptions were written for 75,589 patients during our study period. The top half of Table 1 shows the gender and age distribution for these patients. There were 1,217 prescribers who wrote e-prescriptions and the bottom half of Table 1 shows their characteristics. Data on characteristics were missing for 12-14% of the prescribers. The majority of prescribers were in primary care specialties, specifically internal medicine, pediatrics, and family practice. The overall primary adherence rate was 77.5%, corresponding to 151,837 of the e-prescriptions being filled, corresponding to 22.5% primary non-adherence. There were 82,245 e-prescriptions that were for new medications and 58,984 (71.7%) of these were filled, or 28.3% primary non-adherence. Table 2 shows adherence rates by physician characteristics. Primary adherence rates were higher for e-prescriptions from primary care specialists (internal medicine, primary care, pediatrics) than from other specialties. Adherence rates were higher for male physicians and older physicians but did not differ greatly across practice sizes. When prescriptions were examined by patient characteristics (Table 3 ), e-prescriptions were filled for children at a much higher rate (87.3%) than any other age group. Men filled e-prescriptions at a slightly higher rate than women. Table 4 shows the primary adherence rates for the major drug classes among patients over age 18, the corresponding values for non-adherence are displayed in Fig. 1 . Patients aged 0-18 accounted for 9.1% of the e-prescriptions written and the drug classes prescribed for them differed from the overall population, so they are listed separately in the lower panels of Table 4 . Among adults, anti-hypertensives (19.5% primary non-adherence) and antimicrobials (22.9% primary nonadherence) were the most commonly prescribed medications. Pain medications (34.5%) had noticeably higher primary nonadherence than other classes. For all medication classes the primary non-adherence rates were higher when the sample was limited to newly prescribed medications. A high proportion of antimicrobial medications were new prescriptions, consistent with their use for acute symptoms. For chronic medications such as lipid-lowering agents, antihypertensives, and diabetes medications the primary non-adherence rate was about 9% higher for newly prescribed medications than for all e-prescriptions. For children the prescribing and adherence patterns were quite different. Among patient 0-18, 49% of eprescriptions were for antimicrobials and the primary nonadherence rate for that class was only 5.8%.
The results of the models for adult patients are presented in Table 5 , which shows the odds ratio of a prescription being filled for a given characteristic of the prescription, prescriber, or patient, as compared to the reference group. The second and third columns show results for all e-prescriptions and the right-most two columns show results for newly prescribed medications. Model results for children are presented in the Online Appendix.
The top panel of Table 5 shows results for medication class, with antimicrobials serving as the referent. All other medication classes except asthma medications and anti-anxiety medications were less likely to be filled than antimicrobials. Medications for chronic conditions including hypertension, diabetes, and hyperlipidemia were less likely to be filled for all prescriptions and strikingly less likely to be filled when the medications were newly prescribed. The drug class least likely to be filled was pain medications. Of note, this class includes mostly narcotic medications that require a paper prescription.
Among the major primary care specialties represented in this sample, there were not significant differences between internists and family practitioners. Prescriptions written by other specialists were much less likely to be filled than those written by internists. Female prescriber gender, young prescriber age, and larger practice sizes were associated with lower primary adherence. Male patients were 5% more likely to fill a new prescription; this result was borderline statistically significant.
DISCUSSION
Medication non-adherence has been widely recognized as limiting the effectiveness of prescription treatment. However, assessment of adherence and interventions to improve adherence have been largely conditional on patients filling their initial prescriptions, and have failed to accurately account for primary non-adherence. The costs for pharmacies and insurers from patients not picking up medications has been recognized and defined in the industry as "leakage" of prescriptions, but this phenomenon has not been quantified in the medical literature. 28 The potential of e-prescribing for accurate measurement of primary non-adherence should create opportunities to improve medication adherence. In this study we found that 22% of e-prescriptions were never filled, with an increase to 28% never filled when we restricted the sample to newly prescribed medications. Several factors were associated with lower primary adherence.
To date there has been a limited body of research addressing primary adherence. Beardon and colleagues tracked over 20,000 prescriptions written in 1989 for patients in general practice in the UK and found 5.2% primary non-adherence, 21 while Matsui and colleagues tracked 1,014 prescriptions written in a pediatric ED in 1997 and found 7.3% primary non-adherence. 8 Getting copies of actual prescriptions is very cumbersome, so most other studies of primary adherence relied on surveys, finding non-adherence rates ranging from 4% to 21.6%.
23,24
The increasing use of e-prescribing creates the opportunity to measure primary non-adherence in larger populations, but very few such studies have been published to date. Ekedahl and Mansson evaluated over 91,000 e-prescriptions in a Swedish population with universal drug coverage and found a non-adherence rate of 2.4%. 22 Two recent studies done at the Geisinger clinic in Pennsylvania used electronic data to study the care of patients with single conditions. One found that patients being started on treatment for hypertension failed to fill new prescriptions 17% of the time 27 and another found that those being started on treatment for diabetes failed to fill new prescriptions 15% of the time. 26 Our study found slightly higher rates of primary non-adherence. We evaluated patients treated in mostly smaller practices using stand-alone eprescribing systems while the Geisinger clinic is a large integrated system with a full electronic health record. In addition, our data evaluated the first year of a new eprescribing program during which e-prescribing use was increasing slowly, only approaching 50% of prescriptions at the end of the study period. 29 We cannot say for certain if those differences in study settings account for the higher rate of nonadherence in our study. In either case, non-adherence in US studies was higher than in other countries; it is not clear whether this is due to differences between populations and health care systems or is due to differences in the ability to ascertain prescription filling in the United States; additional studies will be needed to verify these results. From a policy perspective, the high rate of non-adherence to medications for hypertension, diabetes, and hyperlipidemia is an especially alarming finding; these three conditions contribute greatly to the burden of mortality and morbidity from cardiovascular disease in the United States. It has previously been shown that many patients with these conditions either lack awareness of their diagnoses or are not receiving treatment. 30, 31 If over onequarter of such patients do not fill the medications prescribed by their physicians, the potential health gains from these medications will not be realized. In a study of patients being discharged after myocardial infarction, Jackevicius and colleagues found that lower adherence with discharge medications was associated with increased 1-year mortality. 32 Whether these findings would hold in outpatient treatment has not yet been established. Interventions aimed at improving the quality of chronic disease management must address the needs and challenges of patients who are first initiated on essential medications. Interventions to reduce primary non-adherence will be most effective if targeted towards those who are least likely to fill prescriptions. Higher patient cost-sharing has been shown to delay initiation of treatment for chronic conditions. 33 Corre- spondingly, prescription of medications with lower copayments appeared to be associated with better primary adherence in two recent studies of single drug classes. 26, 27 These results highlight the importance of prescribing in compliance with a patient's formulary, which was previously shown to affect refill adherence. 34 We had limited patient-specific information, but did have a borderline significant finding that women were less likely than Figure 1 . Primary non-adherence to newly prescribed medications. Patients aged 19 and over.
men to fill prescriptions, as found in an earlier study of hypertension medications, 27 but not in a study of diabetes. 26 Prescriptions from primary care clinicians were more likely to be filled. While some physician characteristics (female gender, young age) were associated with lower rates of primary adherence, our ability to explain non-adherence in this population is relatively limited. Some physicians may be more likely to prescribe lower-tier medications from patients′ formularies. 35 Unmeasured patient and physician factors, such as the extent of physician-patient communication and education about prescriptions are likely to influence adherence. Further research will be needed to confirm and understand the causes of these findings and to develop interventions to improve primary adherence. The potential to identify primary non-adherence rapidly and accurately may allow for such interventions to be targeted specifically towards patients likely to benefit from education about the importance of their prescribed medications. There are limitations that must be considered when interpreting these results. Our population is drawn from early adopters of e-prescribing and e-prescribing was not used for all prescriptions issued, 29 so the physicians and patients may be atypical, limiting the generalizability of our findings. We have limited data on patient and physician characteristics, which limits our ability to explain the causes of non-adherence. Since we do not have data on the number of prescriptions written for patients who did not get e-prescriptions, we cannot extrapolate these findings to more general populations. Actions taken by patients, prescribers, or pharmacists that were not captured in our data may lead us to underestimate the rate of adherence. For example, if patients pay cash for inexpensive prescriptions (e.g. $4 generics), 36 or fill medications at another location (e.g. VA) we would misclassify the prescription as unfilled. Any other data errors in the process of matching eprescribing data to filled claims data could lead to a patient to being falsely labeled as non-adherent-this type of misclassification of the outcome could lead us to overestimate nonadherence. There are not standard approaches for performing these types of matches, so there is no benchmark against which we can compare our matching results; the methods that we employed will need to be evaluated further in other settings.
Telephone contacts between the pharmacy and the prescriber that lead to verbal changes in the medication prescribed would also cause us to misclassify prescriptions as unfilled. Our claims data ended on March 31, 2005, so we may have misclassified some e-prescriptions written in the final month but filled later. Non-adherence was only 4% higher for the final month and excluding it did not change any of the effect estimates in our models, so we did not exclude those data. Prescriptions given for possible but not definite use (e.g. antibiotics prescribed to be filled only if culture results are positive) would lead us to underestimate primary adherence. Although these errors may occur, we suspect they would not account for a large portion of the e-prescriptions.
These findings highlight the need to reprioritize efforts when trying to improve the quality of prescription drug care in the United States. We must continue to support patients who have already filled prescriptions for essential medication to enhance their persistence. However, our results suggest that relying solely on such a strategy to improve medication use will lead us to miss the potentially large number of patients who received a prescription but never initiate therapy. Our ability to link e-prescribing data to filled claims allows us to measure primary non-adherence, which was not possible previously. As more physicians adopt e-prescribing, the methods we describe here can be used to understand the predictors of nonadherence, explore barriers to appropriate medication use, and potentially provide adherence information back to prescribers. This research will be instrumental in developing interventions that encourage patients to initiate medications when prescribed, and to adhere to a full course of chronic therapy. 
